The AdaBoost Algorithm




A typical learning curve
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...and a boosting one
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this lecture

e boosting and on-line learning
e AdaBoost algorithm

e extensions

e applications




supervised learning

TRAINING WORKING TESTING
Labeled data NOT Labeled data Reqal Labels

LEARNING ERROR

DATA
ALGORITHM
EVALUATION MEASUREMENT

LABEL TESTING ERROR
TRAINING ERROR PREDICTION

e Data model
X:{(x1aY1)a(x29y2)» 9(xm’ym)}
y; =label(x,);y, € {-1,+1}




boosting : introduction

e = Combine more classifiers in

Distribution on the data D

a master one ¢

e Given Weak
e Labeled data set (training set) leamer

e Access to “weak

learner” ( error less than
50%) Updated distribution D’

!

Hypothesis h

Boosting

e LOOP algorithm

f__

e Select weak learner

e Concentrate on the hard AdaBOOSt

(wrong classified) instances Final

Hypothesis




boosting example

Start with uniform
distribution on
data

Weak learners =
halfplanes













final hypothesis

H =sign | 0.42
final




the hypothesis points space

U={-1,1}" e Mapping from
hi: X->{-1,1} i=1.m g%ao fhpeascizg to
H:X->U space

H(x)=((x),h2(x),.....Nm(x))

The Hyper
cube In
hypothesis
space

Decision
stumps




separation

e Separation hyperplane

F(x)=) o,h(x)

H o () = sgn(F(x))

e Geometric
Interpretation

e Optimal hyperplane

e Non-separable data




AdaBoost - technical

e Start with uniform distrib D, :
e Ateveryround t=1to T
given D,

find weak hypothesis

with error

compute “belief” in A,

update distribution , —0 if y, = ht ( xi)

& ify, #h,(x)

e final hypothesis:

Hfinal(x) — Sgn @atht (x))




a bayesian interpretation

e Bayes decision rule : predict 1 if

Priy=1|h(z),....hp(z)] >Prly=0|h(x),.... hy(a)].

e For Adaboost : predict 1 if
e ] (—e)>Pry=0 [] (1-e) €.

t:he(z)=0 t:hi(z)=1 t:he(z)=0 tihe(z)=1

H 0 (X) = sgn @, In P)* h, (x)
7 81




AdaBoost — update rule

e Start with uniform distrib D, :
e Ateveryround t=1to T
given D,

find weak hypothesis

with error

compute “belief” in A,

update distribution , % f y, = ht ( xi)

v iy #h(x)

e final hypothesis:

Hfinal(x) — Sgn @atht (x))




online allocation - hedge algorithm

PY Parameters P e [O,l}N strategies (systems)

N
initial weights w'e [O,I]N;z:wi1 =1
i=1

e LOQORP for episode t=1,2,...

Choose allocation
Receive loss vector
Suffer loss

Update weights

Hedge loss

...not “too much worse” than the
best system In % )LSYSTE v +HIn N

1-5




AdaBoost — distribution update

e “neutralize” the last weak hypothesis




training error

Theorem training error(H, )<2' H \/ g (l-¢)
[Freund&Schapire '97] t

rOOf Zz - zDz (X) eXp(_y OClht(X))

=l1n —¢
£

O\
‘ Y D,(x)exp(~ar)4 Y. D,(x)exp(+a,)
yh()l

v h (x)=—1
T — e ~e—

— CXp(—OCt )(1 o gt) + CXp(Oft )81

1—
=(1-¢) | +¢
1-¢,

/
Dy (x) = il‘[ =P (_yZ“fh’(x)) = Ul = )%exp(—ym))

o 4

14
4

D :ﬂr it y, = h(x)] Di grah
a Z, le" ify #h(x)

F(x)=) o,h(x)

H o () = sgn(F (x))

=2,€,(1-¢€,)

t

%2 exp(—yF(x) =[]



cumulative distribution

data point xe X;
1.0- /"— F(x) — Eat *ht(x)

: ¥ Margin(x) = y(x) *
05- | ‘
- ; /
o
- f !
_________________ . _.._..-_'.‘_'.‘.';_._/ o
-1 -0.5 0.5 1
margin :

T
Proyyes [Wf(z) < 0] [< 2T TT /el =0 (1 — ) 1+9.

e -1.1]




Why margins are important

typical curve AdaBoost

100 150 ' 200 250
effort rounds of boosting

Generalization error




generalization error- based on margins

e Schapire,Freund,Barlett,Lee 1998

Theorem 1 Ler D be a distribution over X x {—1,1}, and let S be a sample of m examples chosen
independently at random according to D. Assume that the base-classifier space H is finite, and let
& > 0. Then with probability at least 1 — & over the random choice of the training set S, every weighted
average function [ € C satisfies the following bound for all § > 0:

o177 ol 1/:
vV )

'm f-

e Original generalization bound Schagg .
testing_error < training_error + O §| = : 4 oy

margin ’



AdaBoost - remarks

AdaBoost is adaptive

- does not need to know {¥] or T'a priori
. can exploit &, <<’2-{¥

GOOD : does not overfit
BAD : Susceptible to noise
but a nice property : identify outliers




Recent advances

e Normalized weights - Hyperplane is
always convergent

e |f data is nonseparable weight vector is
convergent

e |f data is separable the weights are cyclic




Experiments with a New Boosting Algorithm

e Schapire,Freund 1996

FindAttrTest FindDecRule
arror | pseudo-loss arror pseudo-loss
name - | boost | bag | boost | bag - | boost | bag | boost | bag
soybean-small 57. 6.4 487 02 205 51. 6.0 457 0.4 29
labor . 8.8 19.1 . 7.3 146
promotars . 8.9 16.6 . 8.3 13.7
iris . 47 284 4.8 71 . 43 188 4.8 55

hepetitis . 18.6 16.8 . 18.0 201
sonar . 16.5 259 16.2 26.1
glass 51.5 511 50.9 29.4 . 485 47.2
audiclogy.stand 53. 535 535 5. 535 535

cleve 188 224 . 197 203
soybean-large 64.5 59.0 9.8 ' 736 736

ionosphere 85 17.3 6.6 9.3
house-votes-84 y 3.7 44 . . 44

votesi . 127 . 11.2
crx 5 14.5 5 14.5
breast-cancer-w ’ 6.7 5.3
pima-indians-di . 26.1 26.4
vehicle . 576 5. . . . 61.0
vawvel 76.8 . . . . 716
garman . 30.4 . 29.6
segmentation 5. 545 . . . 54.3

hypothyroid . : 22 ) . 0.7
sick-euthyroid . . 56 . . 2.2
splice . . 356 . . . 295
kr-vs-kp . . 307 ) 20.8

satimage 58. 5 58.3 . . . 6. 56.7
agaricus-le piot . 1.3 . . 8.2
letter-re cognit . 91.9 . . . . 91.8




boosting vs bagging

0o 5 10 15 20 25 30 0 5 10 15 20 25 30

bagging C4.5 boosting C4.5

satimage
100: 100

80:

(A ]
)

N N
-
RN
[ )

error |
[ 1)
LR CIIII.III.IO/IO
|_\n
()

ro
o

)
— ]

.
t

o

10 100 1000 10 100 1000

cumulative distribution

05 1

05 1




Boosting vs SVMs

Map data in Feature space
Adaboost — weak hypotesis
SVM - kernel function

Separate with a hyperplane

Maximize margins

AdaBoost — iterative convex optimization
SVM - global optimization via Lagrange multipliers

Different norms can result in very different margins
AdaBoost — |1 norm
SVM - 12 norm

The computation requirements are different
AdaBoost — linear programming
SVM — quadratic programming
A different approach for searching efficiently in high
dimensional space

AdaBoost — greedy
SVM — Kernel method




©...hope you are still with me

e boosting and on-line learning
e AdaBoost algorithm

e extensions
e applications




boosting using confidence-rated predictions

Given: (21,¥1).
Initialize Dy (i) = 1/m.

c x; € Xy € {-1,+1}

Train weak learner using distribution D;.
Get weak hypothesis h; : & — R.
Choose a; € R.

Update:

, Dy (i) exp(—ayy;hy(z;))
Dyya(i) = ¢(7) exj 7 tYil )._

where Z; 1s a normalization factor (chosen so that Dy ; will be a distribution).

Output the final hypothesis:

-
H(z) = sign (Z (t,h,(.l‘}) :
t=1




multiclass : AdaBoost.M1

Algorithm AdaBoost.M1

Input: sequence of N examples ((21.%1),....(zn.yn)) with labels y; € Y
distribution D over the examples
weak learning algorithm WeakLearn
integer 1" specifying number of iterations

Initialize the weight vector: w! = D(i) fori=1,...,! V.

Dofort=1,2,....T

1. Set

t

P'= =v—
Z}’\:l w!

2. Call WeakLearn, providing it with the distribution p’; get back a hypothesis h; : X — Y.

3. Calculate the error of hy: ¢ = Yo, pilhs(zi) # il
If ¢, > 1/2, then set T'=t — 1 and abort loop.

4. Set By = ¢ /(1 — &).
5. Set the new weights vector to be

u‘{"*'l - vu_"f‘; }fl - ﬂ:”‘ t ('lv!b_)i.’-_l:]]

1 - )

Output the hypothesis

1
log —) [he(z) = y].

Mt




multiclass, multilabel : AdaBoost.MH

Given: (z1,Y1),...,(zm,Ym) wherez; € X,Y; C Y
Initialize D (i,£) = 1/(mk).

Train weak learner using distribution Dj.
Get weak hypothesis h; : X x YV — R.
Choose a; € R.

Update:

Dy(i, €) exp(—a,Yi[(hi(zs, 0))

Dy (i, €) = Z
t

where Z; is a normalization factor (chosen so that D;.; will be a distribution).

Output the final hypothesis:

T
H(z,f) = sign (Z (1#1,(:1.‘,[)) :

t=1

e Hamming Loss =B y)en | [1(z) AY]]

5
e Decompose in k
binary problems




output coding for multiclass problems

L4

P2 e Every learner

trained on a
0 subset of labels

e Label is identified

by all predictions,

as numbers In

bynary

e Error-check

redundancy
learners




InfoBoost — [Aslam 2000]

Given: (z1,41), .. (Zm,Ym); @i € X,y € {—1,+1}
Initialize D; (i) = 1/m.
Fort=1,...,7T:

. Train weak learner using distribution ;.

. Get weak hypothesis h; : X' — .
. Choose a;[—1] € R and ay[+1] € R:

[ -] ifz<o.
let o (2) —{ a[+1] ifz > 0.

. Update:

D, (1) exp(—ay (h,(.I.?i))y,-h,(.r,-')A)
Z

where 7; 1s a normalization factor (chosen
so that D, will be a distribution).

Diy1(2) =

Output the final hypothesis:

T 0 _:] I:: io_l4 06 03
(Zn,(h,(.r))h,(.r)). R

= function 2+/z(1 — ).




applications

e Boostexter [Schapire,Singer 2000]

e Multilabel,multiclass text categorization
e Based on AdaBoost.MH

e auction price uncertainty ATTac-2001
e [Schapire,Stone,McAllester,Littman,Csirik 02]
e Reduce the problem to multiclass, multilabel setup
e AdaBooost.MH

e RankBoost[lyer,Lewis,Schapire,Singer,Singhal 2000]
e Ranking instead of classification
e IR routing




SO

e AdaBoost has many advantages. At least in theory...
e fast, simple, easy to program
e NO parameters to tune
e no prior knowledge about the weak learner
e theoretical guarantees
e weak learners only need to be better than random

e |n practice
e Weak hypothesis are closer and closer to “random”
e It may overfit
e Theoretical guarantees are loose
e Real data is not fully separable
e Performance depends both on data and weak learner




